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Abstract: The location where a robot grasps an object is closely related to the task type. For the same object, different user
requirements may necessitate different grasping strategies. Visual affordance serves as a reliable source of prior knowledge for
manipulation. Existing methods learn affordance from images or videos, but planar affordance lacks the spatial information
required for 6-degree-of-freedom (6-DoF) manipulation. Furthermore, current approaches are limited to affordances associated
with predefined categories and cannot directly infer affordances from user instructions. To address such limitations, we propose
a novel task: instruction-driven three-dimensional (3D) object affordance segmentation. To support this research, we introduce
an instruction–affordance dataset (IAD), a challenging dataset consisting of 7190 object instances across 20 common object
categories, paired with 624 manipulation instructions that specify the corresponding affordances. To evaluate generalization
to novel commands, our dataset includes both seen and unseen settings. Building on this, we design an instruction-driven 3D
affordance segmentation (IDAS) network, which extracts point cloud features and integrates instruction features layer by layer.
Given a user instruction, our method segments suggested manipulation regions on the object’s point cloud, thereby guiding the
selection of optimal grasp poses. Experimental results show that our method outperforms other related approaches under both
seen and unseen settings, demonstrating generalization ability to diverse user commands and unknown affordances.
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1 Introduction

Service robots require intelligence to accomplish tasks as-
signed by users (Wang et al., 2022). After actively approaching
the target object (Liu SP et al., 2022), the robot needs to ana-
lyze how to manipulate it. Manipulation strategies for service
robots must align with human expectations regarding how they
interact with objects. For instance, when picking up a cup, hu-
mans generally prefer that the robot grasp the body of the cup
instead of the rim, which is the part that comes into contact
with their mouth. This preference reflects a more acceptable
and hygienic approach to service. Additionally, the appropri-
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ate grasping location on an object often varies depending on
user requirements. For example, when the task is to open a
backpack, the robot needs to operate the zipper. However,
if the task is to lift a backpack, it should instead grasp the
handle.

Affordance acts as an informative prior that facilitates
decision-making in robot service. Affordance refers to what
the environment offers to an animal, including the opportuni-
ties it provides for interaction (Gibson, 1978). In the context of
robot manipulation, affordances describe how objects present
action possibilities for human interaction. These affordances
are crucial for understanding how to manipulate objects effec-
tively in robotics, and have been the subject of extensive study.
Early research primarily focused on learning affordances from
static images (Song et al., 2015; Roy and Todorovic, 2016; Do
et al., 2018; Ardón et al., 2019) or from videos of human–
object interaction (Fang K et al., 2018; Nagarajan et al., 2019;
Goyal et al., 2022). More recent studies (Deng et al., 2021;
Nguyen et al., 2023; Yang YH et al., 2023; Li YC et al., 2024)
have advanced the concept by extending affordance segmen-
tation into the three-dimensional (3D) domain using point
cloud data. However, these affordance learning methods do
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not directly provide knowledge for manipulation; rather, they
offer a broader conceptual understanding of the environment,
which is difficult to apply in practice.

With the prompt of affordance, grasping approaches can
provide more task-oriented and spatially reasonable grasp
poses. Traditional grasp-planning approaches (Mousavian
et al., 2019; Sundermeyer et al., 2021; Fang HS et al., 2023)
primarily focus on physical feasibility, aiming to maximize the
success rates of grasps without taking into account the hu-
manlikeness or task relevance of the grip. As a result, these
general-purpose methods are usually limited to simple manip-
ulation tasks (Qin et al., 2023), such as sequentially picking up
and placing objects on a tabletop. Therefore, learning grasp-
relevant affordances is essential for handling diverse tasks.

Understanding natural language instructions is essential
for intelligent robots, as it allows nonexpert users to inter-
act with them intuitively. For robots to accomplish this,
they need to interpret user instructions and devise appropri-
ate manipulation strategies. With the emergence of large-scale
language models (Devlin et al., 2019; Radford et al., 2021),
vision–language multimodal learning (Yang ZY et al., 2021;
Roh et al., 2022) has been significantly advanced.

Despite recent advancements, open-vocabulary affordance
segmentation of 3D object point clouds continues to be a sig-
nificant challenge. Directly inferring affordances from user
instructions remains an open research problem. To help
robots learn the relationship between user instructions and
object affordances and thereby improve their manipulation
performance, we propose a novel approach called instruction-
driven 3D affordance segmentation (IDAS). Using the gen-
eral knowledge encoded in pre-trained language models, our
method demonstrates generalization capabilities even with lim-
ited training data. Our key contributions are summarized as
follows:

1. We present a novel task and instruction-driven affor-
dance segmentation on object point clouds, as depicted in
Fig. 1. To support this research, we have created a new
dataset called the instruction–affordance dataset (IAD). This
dataset contains 14 387 instruction–object pairs, and includes
20 common household objects and 12 affordance types that are
relevant to manipulation tasks.

2. We introduce an IDAS network. Our proposed query-
aware modulation (QAM) module and verb–noun attention
(VNA) module demonstrate a strong capability to align with
instruction semantics with point cloud features.

3. Our method demonstrates superior performance com-
pared to existing approaches in both seen and unseen
instruction–affordance settings, highlighting its ability to gen-
eralize across diverse user commands.

2 Related works

2.1 Visual affordance in robot manipulation

Affordance segmentation extends beyond traditional vi-
sual tasks, such as object detection and semantic segmenta-
tion, by providing a more profound understanding of object
functionality. A significant amount of research has concen-
trated on supervised learning approaches that map objects to

Fig. 1 Overview of the IDAS. Our method can derive dis-
tinct affordance region segmentations under different task
instructions, which are then used for selecting grasping
poses

their respective affordance regions (Song et al., 2015; Roy and
Todorovic, 2016; Do et al., 2018; Fang K et al., 2018; Ardón
et al., 2019; Nagarajan et al., 2019; Goyal et al., 2022). For
example, Do et al. (2018) proposed pixel-level affordance seg-
mentation on images. However, two-dimensional (2D) methods
are inherently limited by their dependence on planar informa-
tion, which often neglects the geometric structure of objects.
This limitation makes 2D methods less effective for applica-
tions that require direct guidance for manipulation. Qian et al.
(2024) used vision–language models for 2D visual affordance
grounding, but their results highlight the limitations of relying
exclusively on 2D data, and underscore the need to incorporate
3D information into affordance grounding. Deng et al. (2021)
introduced the first affordance segmentation dataset for object
point clouds. Subsequent works, such as Nguyen et al. (2023)
and Li YC et al. (2024), explore open-vocabulary 3D affor-
dance segmentation, while Mo et al. (2022) investigated affor-
dance transfer across different 3D object models. In contrast,
our research focuses specifically on affordances associated with
human–object interaction.

2.2 Language-guided point cloud segmentation

Language and point cloud multimodal learning has
emerged as a crucial task for enabling interactive and intelli-
gent agents to perceive 3D environments based on human natu-
ral language. Early works (Achlioptas et al., 2020; Chen et al.,
2020) introduce 3D visual grounding benchmarks by aligning
free-form referring expressions with target objects in indoor
scenes. These methods typically adopt a two-stream architec-
ture, encoding 3D geometric features and language embeddings
separately, followed by late fusion via attention mechanisms or
matching modules. To improve cross-modal alignment, later
methods incorporate Transformer-based fusion (Zhao et al.,
2021; Roh et al., 2022), contrastive objectives (Huang et al.,
2021), or graph-based relational reasoning (Yang ZY et al.,
2021), which allow more fine-grained semantic matching be-
tween textual cues and 3D structures. While effective in the
context of object-level grounding, these approaches primarily
focus on identifying discrete objects rather than segmenting
functionally relevant regions. Compared to existing works,
our approach tackles a novel setting of instruction-driven
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affordance segmentation, where the robot must segment those
specific manipulable regions in the point cloud, which fulfill a
language-described intent.

3 Dataset

3.1 Collection

The 3D AffordanceNet dataset, proposed by Deng et al.
(2021), includes 23 object categories and annotations for 18
types of affordances. Each point cloud representing an ob-
ject may exhibit multiple affordances. Building on the 3D
AffordanceNet, we create a subset by removing objects that
are not commonly involved in daily manipulation tasks (e.g.,
beds) and excluding affordances that do not imply manipula-
tion (e.g., sit).

3.2 Instruction generation

Inspired by Li YC et al. (2024), we generate 16
manipulation-related instructions for each object–affordance
pair to serve as a training resource. These instructions are syn-
thesized using 16 custom-designed templates that encompass a
diverse range of linguistic styles. This includes polite requests,
imperative commands, interrogative forms, and more. We
use synonymous expressions to describe the same affordance,
and additional elements—such as action goals, methods, or
contextual details—are included to enhance semantic variety.
Examples of these templates are illustrated in Table 1. To im-
prove efficiency and reduce the manpower required, we prompt
generative pre-trained Transformer 4o (GPT-4o) (Islam and
Moushi, 2025) with the following request: “Please generate
user instructions for each object–affordance pair. The instruc-
tion must include the specified object name and be related
to the corresponding affordance. Use multiple sentence pat-
terns to create diverse commands.” The ratio between human-
made instruction and large language model (LLM)-generated
instruction is 1:1.

Table 1 Instruction templates

Number Template

1 Do ...!
2 Can you do ...?
3 Could you do ...?
4 Would you do ...?
5 I want you to do ...
6 Will you please do ...?
7 I’d like you to do ...
8 I hope you do ...
9 Please do ...
10 I need to do ...
11 Do ..., please.
12 Replace action-related terms with their synonyms.
13 Add the purpose of the command.
14 Provide hints about how to perform the action.
15 Add contextual scene details.
16 Provide details of the task requirement.

3.3 Statistical analysis

The process of building the dataset is illustrated in Fig. 2.
In our dataset, half of the instructions are manually created,
while the other half is generated by LLMs that have been
prompted on our designated samples. All generated instruc-
tions are manually reviewed to ensure that they align with
predefined standards. The number of entries for each object
category and each affordance category is presented in Fig. 3a.
The instruction length ranges from 4 to 14 words, with detailed
statistics provided in Fig. 3b. In addition, the overall vocabu-
lary size is 379, reflecting a diverse set of linguistic expressions
across the dataset.

To assess the method’s ability to generalize to diverse
instructions and objects, we split the dataset into a seen con-
dition and an unseen condition. Under the seen condition,
the objects and their corresponding affordances are shared be-
tween the training and the testing sets. Conversely, in the
unseen condition, the object–affordance pairs that are used for
testing are entirely absent in the training data. This setup
allows us to evaluate the model’s robustness in zero-shot gen-
eralization scenarios.

4 Methods

4.1 Problem statement

Our goal is to enable robots to directly analyze the oper-
ational affordance regions from user instructions. Considering
the lack of existing datasets for instruction-to-affordance map-
ping, we introduce a new dataset built upon 3D AffordanceNet

Fig. 2 IAD building process
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Fig. 3 IAD statistics: (a) affordance type; (b) instruction length

in the previous section. Consider an object point cloud P =

{p1,p2, . . . ,pn} of n unordered points pi, where i = 1, 2, . . . , n.

Each point is represented by its coordinates in the Euclidean
space. Given a manipulation-related language command C

(e.g., “Bring me the cup.”), the final output affordance mask
is M = [m1, m2, . . . ,mn], where mi ∈ [0, 1]. As Fig. 4 shows,
our method uses a network that leverages a serial architec-
ture: point cloud grouping, followed by semantic-aware feature
alignment. The final fused feature is upsampled to the orig-
inal shape and fed into a mask decoder to get query-related
affordance segmentation.

M = IDAS(P |C), (1)

where IDAS() denotes the proposed network.

4.2 Feature extraction

4.2.1 Point cloud feature

We use PointNet++ (Qi et al., 2017) for extracting fea-
tures from point clouds. Specifically, we perform three lay-
ers of point set abstraction, in which the point cloud is pro-
gressively downsampled while the dimensionality of the fea-
tures is increased. The original point cloud is represented as
P . After downsampling, we obtain N key points defined as
PK = {PK

i }Ni=1. The encoded point feature after each down-
sampling stage is denoted as Fpoint ∈ R

N×D, where D repre-
sents the hidden dimensionality.

PK = DownSample(P ), (2)

where DownSample() denotes the point set abstraction process.

4.2.2 Language feature

We begin by using a tokenizer to process the sentence,
inputting it into a pre-trained language model. This ap-
proach helps capture the overall language context. Specifically,
we use the uncased base version of robustly optimized pre-
training for bidirectional encoder representation from Trans-
formers (BERT) models (RoBERTa) (Liu YH et al., 2019) to
obtain the sentence features, denoted as Ftext ∈ R

L×d, where
L represents the length of the input context sentence. The
feature dimension d is set to 768, as defined by the RoBERTa-
base-uncased model. For further calculations, we project the
text features into a 512-dimensional space using a linear layer.

Ftext = ftext(C), (3)

where ftext is the text encoder.
Since verbs and nouns play a crucial role in determining

the meaning of user instructions, we introduce a VNA mecha-
nism. We use spaCy (Montani et al., 2023) for part-of-speech
tagging to extract a positional mask Mvn ∈ R

L for verbs and
nouns. We design a verb–noun (VN)-encoder to encode the
masked sentence as shown in Eq. (4):

Fvn = tanh(LSTM(LSTM(embed(C) ∗Mvn))), (4)

where embed() denotes the embedding layer that converts C

into a dense vector representation. ∗ denotes the element-wise
multiplication between the embedded feature embed(C) and
the mask Mvn.

The VN-encoder is a two-layer long short-term memory
(LSTM) with tanh activation functions. It processes the in-
put sentences token by token, maintaining a hidden state that
evolves to capture contextual information. This approach al-
lows the model to recognize word order, syntactic structures,
and semantic relationships. The final hidden state, or a com-
bination of states, provides a concise and informative repre-
sentation of the sentence.

4.3 Multimodal fusion

Existing methods typically use point cloud feature extrac-
tion backbones that operate independently of the input text.
This results in the generation of general-purpose features that
are not specifically aligned with the query. To overcome this
limitation, we introduce a QAM module that incorporates se-
mantic information directly into the feature extraction process.
Inspired by the work of Perez et al. (2017), we use language
features to modulate the point cloud features. The design of
the fusion module is depicted in Fig. 4b. The QAM mod-
ule applies affine transformations to intermediate point cloud
features based on previous language embeddings. This design
allows the network to adaptively modulate its output according
to the input command. The parameters α and β are learned
from a multilayer perceptron (MLP). The final fused feature is
represented as Ffusion ∈ R

N×D.

α, β ← Linear(ReLU(Linear(Ftext))), (5)

QAM(Fpoint | α, β) = αFpoint + β, (6)

Ffusion = QAM(Ftext,Fpoint), (7)
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where Linear() is the linear layer and rectified linear unit
(ReLU) is the activation function.

To enable precise modulation of verbs and nouns in point
cloud features, we have designed a VNA module (Fig. 4c).

This module uses multi-head cross-attention and learn-
able gating mechanism to selectively enhance or suppress in-
dividual point representations based on textual context. We
begin by applying multi-head attention, using textual tokens
as queries Q and point cloud features as keys K and values V .
This approach allows each textual token to focus on the entire
set of 3D points.

Attention(Q,K,V ) = softmax

(
QKT

√
dk

)
V , (8)

where Attention() is the attention mechanism, softmax() is the
normalized exponential function, and dk denotes the dimension
of the key vector.

To obtain a compact global representation of the text-
conditioned point features, we perform mean pooling over
the sequence dimension. We concatenate each point feature
with the corresponding context vector and pass it through a
lightweight MLP to compute a gating weight:

W = σ(MLP(MHCA(Fvn,Ffusion))), (9)

where σ denotes the sigmoid activation function, and MHCA()
denotes the multi-head cross-attention module for modeling
the interaction between Fvn and Ffusion. This gate learns to
modulate the importance of each point conditioned on the
textual context. The final output is computed by applying
the gate and adding a residual connection, followed by layer

normalization.

Fpvn = LayerNorm(W ∗ Ffusion + Ffusion), (10)

where Fpvn denotes the hybrid feature generated by the VNA
module, and LayerNorm() denotes the layer normalization op-
eration applied to normalize the output feature. This design
allows the model to adaptively reweight point cloud features
based on verb and noun semantics in an interpretable manner.
The gating weights can also serve as a form of point-level atten-
tion map for visualizing the influence of text on 3D perception.

4.4 Mask decoder

We input the modulated fused feature into a Transformer
decoder (Vaswani et al., 2017), along with the command fea-
ture. The decoder uses the question feature as the query and
fused feature Ffusion as both the key and the value, allowing it
to output the alignment between the text and the point cloud.
Next, we mask the invalid tokens in the query sentence and
compute the dot-product similarity between each text token
and each point. This produces a text–point semantic relevance
map. We then sum the responses across all text tokens to
generate an overall text-driven response for each point.

To normalize the results and avoid bias from varying text
lengths, we divide the summed scores by the number of valid
text tokens in each sample. The normalized scores are then
constrained to the range of [0, 1], serving as the probability or
confidence scores, as shown in Fig. 4d. The mask decoder is
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described as follows:

M = σ
(
MaskHead

(
MHCA(Q = Ftext,K,V = Ffusion)

))
,

(11)
where MaskHead() denotes the mask prediction head used to
generate the final affordance mask from the output of the
MHCA module.

4.5 Loss function

Our model aims to learn a direct mapping between a
user’s command and the affordance, without being aware of
any affordance categories. We formulate this as a binary clas-
sification task, where the goal is to predict the probability that
each point corresponds to a specific potential affordance, with
values ranging from 0 to 1. To address the class imbalance issue
present in the IAD, we apply a combination of focal loss (Lin
et al., 2017) and dice loss (Milletari et al., 2016). Here, LFocal

is the loss for point classification and LDice is the dice/F1 loss.

LDice = 1− 2
∑M

is=1 pisyis + ε∑M
is=1 p

2
is
+

∑M
is=1 y

2
is
+ ε

, (12)

LFocal = − 1

M

M∑
is=1

αt(1− pt)
γ ln pt, (13)

pt =

{
pis , if yis = 1,

1− pis , if yis = 0,

αt =

{
α, if yis = 1,

1− α, if yis = 0.

Here, pis ∈ [0, 1] is the prediction probability of point is,
while yis ∈ {0, 1} is the ground truth of point is. M is the
total number of supervised points in a batch. The term ε is a
smoothing factor used to prevent division by zero, typically set
to 1×10−5. The focusing parameter γ controls how strongly
well-classified examples are down-weighted, enabling the model
to focus on hard samples. The final loss function is presented
as

LTotal = ωLDice + (1− ω)LFocal. (14)

Here, ω is a hyperparameter that controls the tradeoff
between the focal loss and the dice loss. In Section 5.4.3, we
discuss the suitable value of hyperparameter ω.

5 Experiments and results

5.1 Metrics

Following Li YC et al. (2024), we use four evaluation
metrics include area under the curve (AUC), mean intersection
over union (mIoU), similarity (SIM), and mean absolute error
(MAE).

AUC is used to evaluate the model’s ability to distinguish
between affordance and non-affordance regions. This metric as-
sesses the classification performance across multiple threshold
levels, thereby quantifying the model’s effectiveness in identi-
fying relevant object parts under different scenarios. Higher
AUC values correspond to better model performance. Next,
mIoU is a standard evaluation metric for semantic segmenta-
tion tasks in computer vision. It measures the average overlap

between the predicted segmentation masks and ground-truth
labels across all classes. mIoU is the mean of the intersection
over union (IoU) over all categories, with IoU expressed as
follows:

IoU =
TP

TP + FP + FN
, (15)

where TP, FP, and FN denote the numbers of true positives,
false positives, and false negatives, respectively. SIM is a
metric used to evaluate the similarity between the predicted
mask and ground-truth masks. It is computed as

SIM
(
Pm,QD

)
=

n∑
i=1

min
(
Pmi, Q

D
i

)
,

n∑
i=1

Pmi =

n∑
i=1

QD
i = 1,

(16)

where Pm is the prediction map and QD denotes the continuous
ground-truth distribution map. SIM computes the sum of the
minimum values at each element, after normalizing the input
maps. MAE is a widely used metric that measures the average
magnitude of errors between the predicted and actual values.

MAE =
1

T

T∑
is=1

|eis | . (17)

Here, eis is the calculated model error. MAE computes
the total error by summing the absolute values of the errors
and then dividing the result by the number of evaluated points
T . We expect a low MAE score from our model.

5.2 Training details

We use the PyTorch framework (version 2.4 in a CUDA
12.1 environment) and Python 3.8 to implement our model.
Our model is trained on a single NVIDIA RTX 4090 GPU
with 24 GB of memory. The number of points for each object
is initially fixed at 2048, and then downsampled to 512, 128,
and 64 in a step-by-step manner. The hidden dimension of the
final point and text features is set at 512. The model is trained
for 50 epochs using the Adam optimizer with a batch size of
32 and a learning rate set to 1×10−4.

5.3 Comparison with other methods

Our language-conditioned affordance segmentation is es-
sentially a 3D visual grounding problem, akin to the referring
expression segmentation (RES) task. To demonstrate the ef-
fectiveness of our method, we compare its performance against
several baselines under identical training settings. We adopt
two great 2D visual grounding networks, referring Transformer
(ReferTrans) (Li MC and Sigal, 2021) and relationship mod-
eling (ReLA) (Liu C et al., 2023), for comparison, substi-
tuting their image encoder with PointNet++, while leaving
their fusion modules and mask decoder unchanged. Open-
vocabulary affordance detection (OpenAD) (Nguyen et al.,
2023) uses a similar input setting, so we retain their cosine sim-
ilarity approach for aligning point features and text features.
For the 3D single-stage referred point progressive selection
(3D-SPS) (Luo et al., 2022) model, we remove its bounding
box prediction module while retaining the other components.
Interaction-driven 3D affordance grounding network (IAGNet)
(Yang YH et al., 2023) is designed to learn 3D affordances with
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interaction hints in 2D images. We replace its image backbone
with a language model, while preserving the remainder of its
architecture. Language-guided affordance segmentation on 3D
object (LASO) (Li YC et al., 2024) can be trained directly
using our dataset without any change.

5.4 Results

5.4.1 Seen and unseen

Table 2 demonstrates that our method achieves the best
overall performance on the proposed task. In particular, our
model attains the highest mIoU score of 21.25, outperforming
the previous best-performing baseline LASO, which achieves
an mIoU score of 18.88. Although the performance under the
unseen setting drops compared to that under the seen setting,
our method still achieves competitive results, demonstrating
its ability to generalize beyond the training distribution. This
suggests that the proposed model captures intrinsic affordance-
related priors rather than merely memorizing object-specific
patterns, thereby exhibiting effective knowledge transfer under
unseen scenarios. Qualitative results are shown in Fig. 5. We
also do zero-shot affordance segmentation using paraphrased
instruction sentences that are not included in the training
templates, as shown in Fig. 6. The results show that the
model can correctly localize operable regions under such unseen
instructions, demonstrating strong generalization to out-of-
distribution language inputs.

Table 3 summarizes the performance of different affor-

dance categories. We observe that affordances such as lift,
stab, pull, and open consistently achieve strong results in both
seen and unseen settings, particularly with respect to mIoU
and AUC. A plausible explanation is that these affordances
are characterized by relatively simple interaction patterns and
well-defined operation regions, such as bag handles or door
handles. As a result, the model can more easily align with in-
struction semantics with stable physical structures of objects.
In contrast, affordances such as wear, push, and wrap-grasp
exhibit noticeably weaker performance. These interactions
typically lack clearly localized operation areas, and the valid
interaction regions are often spatially broad or ambiguous.
Such characteristics make it more challenging for the model
to learn consistent physical priors that can be shared across
different object instances. Furthermore, when comparing un-
seen scenes to seen scenes, affordances such as move, open,
grasp, and pour show relatively smaller performance degrada-
tion. This suggests stronger generalization capability under
distribution shifts. One likely reason is that these affordances
are supported by a larger number of training samples and a
greater diversity of object categories, enabling the model to
learn more transferable patterns for grounding language in-
structions in spatial visual features.

5.4.2 Ablation study for the proposed modules

The ablation study presented in Table 4 systematically
evaluates the contributions of the key components in our
proposed IDAS model. Removing either the QAM module

Table 2 Performance comparison of different methods under seen and unseen settings in the IAD

Model
Seen Unseen

mIoU↑ AUC↑ SIM↑ MAE↓ mIoU↑ AUC↑ SIM↑ MAE↓
3D-SPS 11.74 75.47 0.417 0.171 8.45 73.41 0.409 0.188

ReferTrans 12.74 78.47 0.487 0.164 9.88 74.85 0.451 0.178
ReLA 14.85 79.62 0.524 0.159 10.27 75.44 0.458 0.165

OpenAD 15.41 82.15 0.531 0.144 12.85 78.08 0.486 0.151
IAGNet 17.66 83.54 0.565 0.126 13.32 80.85 0.502 0.145
LASO 18.88 85.02 0.594 0.117 14.84 81.15 0.511 0.137

IDAS network (ours) 21.25 85.62 0.614 0.101 15.74 82.37 0.529 0.127
Bold values indicate the best performance among the compared methods. ↑ indicates the higher the better and ↓ indicates the lower
the better

Table 3 Performance of the IDAS for each affordance type

Affordance type
Seen Unseen

mIoU↑ AUC↑ SIM↑ MAE↓ mIoU↑ AUC↑ SIM↑ MAE↓
Move 14.41 78.90 0.587 0.136 10.05 70.39 0.543 0.178
Open 28.19 91.56 0.436 0.060 20.87 87.79 0.423 0.098
Grasp 22.75 82.76 0.603 0.114 18.03 77.97 0.548 0.159
Pour 22.29 89.77 0.659 0.088 18.78 80.65 0.590 0.135

Wrap-grasp 8.71 68.99 0.722 0.133 5.94 62.08 0.557 0.195
Press 19.30 93.70 0.496 0.048 15.47 91.11 0.481 0.092
Stab 37.88 98.27 0.549 0.024 27.88 93.80 0.497 0.076
Cut 16.34 93.54 0.759 0.075 9.61 91.26 0.671 0.102
Wear 7.92 68.65 0.626 0.148 6.87 69.27 0.597 0.173
Push 12.70 85.09 0.425 0.081 6.94 83.73 0.473 0.115
Pull 27.94 83.75 0.249 0.040 17.25 85.61 0.473 0.115
Lift 36.56 92.43 0.412 0.068 30.66 94.73 0.491 0.086

↑ indicates the higher the better and ↓ indicates the lower the better
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Table 4 Ablation study of the proposed modules

Model
Seen Unseen

mIoU↑ AUC↑ SIM↑ MAE↓ mIoU↑ AUC↑ SIM↑ MAE↓
w/o QAM module 19.55 85.17 0.606 0.106 15.18 82.35 0.517 0.132
w/o VNA module 19.87 85.23 0.608 0.110 15.29 82.06 0.516 0.130
w/o QAM and VNA modules 19.22 84.93 0.598 0.115 15.04 81.72 0.511 0.135
w/o VN-encoder 20.04 84.96 0.608 0.112 15.19 82.22 0.520 0.133
IDAS network 21.25 85.62 0.614 0.101 15.74 82.37 0.529 0.127

Bold values indicate the best performance among the compared settings. ↑ indicates the higher the better and ↓ indicates the lower the
better

Se
en

U
ns

ee
n

Open the 
microwave.

Grasp the 
scissors.

Wrap-grasp the 
vase.

Lift the 
earphone. Push the chair.

Open the 
storage furniture. Grasp the knife. Wrap-grasp the 

bottle. Lift the bag. Push the door.

Open the 
refrigerator.

Wrap-grasp the 
cup.Grasp the hat. Lift the bowl. Push the table.

0

1
mi

Fig. 5 Example results under seen and unseen settings

Help me turn on 
the faucet.

Move the vase to 
the left side.

Move the table 
out of the way.

Pass that bottle 
to me.

Pour out half of 
the water.

Take the food out 
of the microwave. 

Fig. 6 Examples of instructions outside the IAD

or the VNA module leads to consistent performance degrada-
tion across all evaluation metrics. Specifically, removing the
QAM module results in a noticeable decrease in mIoU and
SIM, highlighting its critical role in aligning point cloud fea-
tures with instruction semantics. Similarly, removing the VNA

module causes a decline in precision, indicating that this mod-
ule is effective in capturing fine-grained semantic cues from
user commands. When both modules are removed, perfor-
mance drops further, confirming the complementary nature
of the QAM and VNA modules. In addition, we investi-
gate the impact of the VN-encoder. As shown in Table 4,
in the w/o VN-encoder setting (w/o denotes without), we re-
place the VN-encoder with the RoBERTa text encoder while
retaining the VNA module. This modification results in a
slight but consistent performance decrease, demonstrating that
VN-encoder contributes meaningful visual–linguistic represen-
tations beyond generic text encoding. Overall, these results
validate the effectiveness and necessity of each component in
achieving a superior performance of the complete IDAS model.

5.4.3 Hyperparameter analysis

Our IDAS model was jointly trained using the sum of
LDice and LFocal. After trying many different ratios of their
combination, we find that the metric achieves the best result
when LDice : LFocal = 1 : 1, as shown in Table 5.
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Table 5 Ablation study of the selection of the hyperparameter for the loss function

ω
Seen Unseen

mIoU↑ AUC↑ SIM↑ MAE↓ mIoU↑ AUC↑ SIM↑ MAE↓
0.0 19.02 84.92 0.597 0.112 15.02 79.86 0.494 0.149
0.1 19.08 85.28 0.598 0.110 15.15 81.08 0.501 0.142
0.2 19.34 85.36 0.601 0.109 15.36 81.25 0.505 0.139
0.3 19.46 85.37 0.604 0.104 15.58 81.44 0.510 0.136
0.4 20.18 85.58 0.608 0.102 15.70 81.69 0.517 0.131
0.5 21.25 85.62 0.614 0.101 15.74 82.37 0.529 0.127
0.6 19.74 85.47 0.610 0.103 15.54 82.19 0.527 0.130
0.7 19.55 85.45 0.609 0.104 15.30 82.04 0.521 0.132
0.8 19.22 85.32 0.606 0.106 15.11 81.95 0.514 0.135
0.9 18.95 85.26 0.602 0.108 14.85 81.78 0.510 0.138
1.0 18.57 85.13 0.599 0.111 14.62 81.66 0.508 0.140

Bold values indicate the best performance among the compared settings. ↑ indicates the higher the better and ↓ indicates the lower the
better

Table 6 Ablation study of different language backbones

Model
Seen Unseen

mIoU↑ AUC↑ SIM↑ MAE↓ mIoU↑ AUC↑ SIM↑ MAE↓
DeBERTa 19.56 85.18 0.606 0.106 15.18 82.32 0.517 0.132

CLIP 19.87 85.26 0.608 0.110 15.25 82.09 0.516 0.130
RoBERTa 21.25 85.62 0.614 0.101 15.74 82.37 0.529 0.127

Bold values indicate the best performance among the compared methods. ↑ indicates the higher the better and ↓ indicates the lower
the better

5.4.4 Different language encoders

As shown in Table 6, DeBERTa (He et al., 2020) and con-
trastive language–image pre-training (CLIP) (Radford et al.,
2021) exhibit comparable performance, whereas RoBERTa
(Liu YH et al., 2019) achieves much better results in both
seen and unseen settings, which is consistent with the analysis
result that RoBERTa is more suitable for our language-guided
affordance segmentation task.

6 Conclusions

We present a novel task, instruction-guided affordance
segmentation, which aims to detect the correct manipulation
position on an object’s 3D point cloud in an end-to-end man-
ner, conditioned on user requirements. To support this task,
we create a novel dataset, IAD, including instruction sentences
and object point clouds with multiple affordance labels. Mean-
while, we propose the IDAS network, a deep learning frame-
work that learns the map between user commands and latent
affordance regions. Experiments on our IAD examples show
that our method has great potential in both task-oriented robot
manipulation and generalization to different instructions.
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